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Abstract
In recent years, inertial measurement units (IMUs) have been proposed as an alternative to force platforms and pressure sensors
for gait events (i.e., initial and final contacts) detection. While multiple algorithms have been developed, the impact of gait event
timing errors on temporal parameters and asymmetry has never been investigated in people with transfemoral amputation
walking freely on level ground. In this study, five algorithms were comparatively assessed on gait data of seven people with
transfemoral amputation, equipped with three IMUs mounted at the pelvis and both shanks, using pressure insoles for reference.
Algorithms’ performance was first quantified in terms of gait event detection rate (sensitivity, positive predictive value). Only two
algorithms, based on shank mounted IMUs, achieved an acceptable detection rate (positive predictive value > 99%). For these
two, accuracy of gait events timings, temporal parameters, and absolute symmetry index of stance-phase duration (SPD-ASI)
were assessed. Whereas both algorithms achieved high accuracy for stride duration estimates (median errors: 0%, interquartile
ranges < 1.75%), lower accuracy was found for other temporal parameters due to relatively high errors in the detection of final
contact events. Furthermore, SPD-ASI derived from IMU-based algorithms proved to be significantly different to that obtained
from insoles data.
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1 Introduction
The accurate detection of gait events (GEs) is crucial for the
biomechanical assessment of gait function in people with
pathological walking patterns [1]. The identification of initial
contact (IC) or final contact (FC) events, respectively marking
stance initiation and termination, allows for gait cycle seg-
mentation and is essential to extract and interpret relevant
features from biomechanical and physiological gait variables
such as joint angles or muscle activity [1].
In people with lower-limb amputation, whose gait is
known to be highly asymmetrical due to joint function loss
[2, 3], the identification of gait phases is particularly relevant
for both prosthetic design and rehabilitation fields. For exam-
ple, micro-processor-controlled prostheses generally adopt
different behaviors according to the gait cycle phase [4].
Furthermore, stance or swing phase durations and temporal
symmetry indices are widely used to evaluate gait in the clin-
ical field. Quantifying these parameters can indeed assist ther-
apists in decision-making during rehabilitation, as well as in
prosthetics prescription, fitting, and alignment [3, 5, 6].
In recent years, wearable sensors, such as pressure insoles
or inertial measurement units (IMUs), have been proposed as
a portable and low-cost alternative to force platforms, instru-
mented mats, or treadmills for the detection of GEs. While
some specific pressure insoles have been validated against
force platforms [7, 8], their use is limited to the obtention of
GEs and vertical ground reaction forces. On the other hand,
IMUs, which include accelerometers and gyroscopes, can pro-
vide kinematic information in addition to GE detection. Thus,
multiple algorithms have been developed for IC and FC iden-
tification from linear accelerations and/or angular velocities
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measured by IMUs [9]. Many authors have recommended the
use of a single sensor at pelvis level to minimize invasiveness
and gait alteration [3, 10–15]. However, in pathological gait, a
robust detection of both IC and FC events is compromised
because of gait inherent variability and stronger attenuation
of feet-ground impacts at trunk level [9, 16]. Consequently,
algorithms based on the use of two IMUs located on both
shanks [4, 17–24] or feet [24–26] have been developed and
are generally considered to be more accurate [9, 16, 21].
Given the number of available algorithms, the comparison
of their accuracy in GE detection is relevant. However, most
studies differ in their acquisition protocol, in the population
investigated, and in the reported results, which make the com-
parison challenging. Indeed, while the accuracy of the timings
of detected GEs is always discussed, the ability of the algo-
rithms to detect all GEs without false positives, or the conse-
quence of the timing errors on clinically relevant parameters,
such as cycle durations or symmetry indices, is not always
disclosed. Although there have been some attempts in
performing comparative studies in the literature [16, 24, 27,
28], none focused on people with transfemoral amputation
(TF). In addition, as most algorithms rely on the extraction
of specific features from IMU signals, some may not be rele-
vant for the population of TF because of deviations in their
gait pattern, such as hip hiking, vaulting, delayed knee flexion,
and temporal and spatial asymmetries [2, 8].
This work aimed at comparing the performance of dif-
ferent state-of-the-art algorithms in TF walking freely on
level ground. Performance was quantified in terms of (i)
sensitivity and positive predictive value of GE detection,
(ii) accuracy of GEs timings, and (iii) accuracy of derived
temporal parameters and of stance phase duration Absolute
Symmetry Index (SPD-ASI) values. Furthermore, the ro-
bustness to different walking speeds was also investigated.
Data from pressure insoles validated against force plat-
forms in people with transfemoral amputation [8] were
used for reference values assessment.
2 Material and methods
2.1 Participants
The studywas designed according to theDeclaration of Helsinki,
and was granted ethical approval (CPP IDF VI, No. 2014-
A01938-39). Seven TF (age, 47.3 ± 9.9 years; 5 males; mass,
74.5 ± 11.9 kg; height, 1.80 ± 0.10 m) gave written informed
consent to participate in the study (Table 1). Inclusion criteria
were people with transfemoral unilateral amputation due to trau-
ma or tumor, fitted with a definitive prosthesis, able to walk at
various speeds without any assistance. The participants walked
with their usual passive microprocessor-controlled knee with an
energy storing and return foot, the alignment of which was con-
trolled by a prosthetist prior to data collection.
2.2 Measurement protocol
Three IMUs (MTw xSens, Netherlands, 100 samples s−1), em-
bedding a tri-axial accelerometer (± 16 g) and a tri-axial gyro-
scope (± 2000 deg/s), were used and positioned on the lower
trunk (L4/L5 level) and on both shanks (laterally, below the
tibial tuberosity level) of each participant (Fig. 1). IMUs were
manually aligned with the anatomical axes of the underlying
segments. Reference GEs were obtained using pressure insoles
(Loadsol, Novel, Germany, 100 samples s−1). These insoles
have been reported to be reliable and to accurately estimate both
vertical ground reaction force and stance phase duration in TF
[8] and were, thus, considered a valid gold standard.
Participants walked freely along an 8-m level walkway, at
three self-selected speeds (slow, comfortable, and fast), mea-
sured with a stopwatch. At least three trials of each condition
were recorded. The average walking speeds of each partici-
pant are reported in Table 1. Participants were asked to stand
upright for at least 3 seconds at the beginning and at the end of
each trial, and to perform a downward kickingmotion with the
















TF01 47 1.54 72 F Tumor 35 Rheo Knee Variflex LP 0.72 1.02 1.25
TF02 52 1.69 75 M Trauma 34 Rheo Knee Variflex XC 0.92 1.13 1.48
TF03 34 1.70 51 F Tumor 27 C-Leg Trias 0.92 1.04 1.40
TF04 43 1.90 82 M Trauma 5 C-Leg Triton 1.00 1.16 1.35
TF05 64 1.84 86 M Trauma 6 Rheo Knee Talux 0.49 0.76 0.96
TF06 39 1.79 85 M Trauma 3 C-Leg Triton 0.89 1.06 1.25
TF07 52 1.84 72 M Trauma 23 C-Leg Pro-Flex 0.89 1.20 1.61
The prosthetic devices are from Ottobock (C-Leg, Triton, and Trias) and from Ossür (Rheo Knee, Variflex LP, Variflex XC, Talux, and Pro-Flex)
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heel of their sound foot to synchronize the IMUs with the
insoles.
2.3 Data processing
IMUs and insoles data were post-processed usingMATLAB®
software (The MathWorks Inc., MA, US). Synchronization
was performed semi-automatically by aligning the kicking-
motion peaks in the sound-limb shank vertical acceleration
and insole signals.
2.3.1 IC and FC events detection
Reference IC and FC events were identified using a 20 N thresh-
old on the insoles’ ground reaction force signals [8,
18].Regarding the IMUs’ signals, five GE detection algorithms
were selected based on a literature review. The first three algo-
rithms were the only one retrieved that were specifically de-
signed for people with lower-limb amputation. The two remain-
ing algorithms were selected as they are representative of the
state-of-the-art and appeared to be promising candidates in TF.
Indeed, one of them was validated on an extensive cohort of
people with different pathologies that significantly affected gait,
and the second one used only one sensor, which is an interesting
perspective for clinical applications. The algorithms, designated
by the acronyms M-N, with N the initial(s) of the first author’s
name, are introduced hereafter:
(1) M-S: based on shank vertical and anteroposterior accel-
eration signals, validated against force platform data in
ten people with transtibial amputation (TT) [18],
(2) M-M: based on shank mediolateral angular velocity, val-
idated using footswitches in eight asymptomatic subjects
and in two people with lower-limb amputation (one TT
and one TF) [22],
(3) M-L: based on shank mediolateral angular velocity,
flexion-extension angle, and axial acceleration, validated
on five TF walking on an instrumented treadmill [4],
(4) M-T: based on shank mediolateral angular velocity and
accelerations, validated against pressure mat data on an
extensive cohort consisting of 80 elderly, 125 people
with Parkinson’s Disease, 31 people with mild cognitive
impairment and on ten persons with hemiparesis [21, 23]
as well as in ten asymptomatic subjects in an urban en-
vironment using pressure insoles [28],
(5) M-MC: based on pelvis vertical acceleration and angular
velocity signals, validated in asymptomatic subjects com-
pared to instrumentedmat data [15] and in 30 people with
pathological gait in a former comparative study [16].
M-L, M-MC, M-S, M-M, and M-T were implemented
based on their descriptions in the literature [4, 15, 18, 22,
23], using only the target sensor signals as inputs. A brief
description of the operating principles of each algorithm is
reported in Table 2. Additional details can be found in the
original articles. For M-MC, the pelvis angular velocity failed
to discriminate between left- and right-side events, supposedly
due to the asymmetrical gait pattern of TF [29]. Therefore, the
mediolateral acceleration was used instead.
2.3.2 Temporal parameters and symmetry index computation
The following temporal parameters were estimated for each
trial and method (insoles- and IMU-based algorithms):
– Stride duration (time between two consecutive ICs of the
same foot), computed based on prosthetic ICs;
– Prosthetic and sound limb stance phase duration (time
between an IC and the subsequent FC of the same foot);
– Prosthetic and sound limb initial double support duration
(time between an IC and the subsequent FC of the con-
tralateral foot), further referred to as prosthetic or sound
limb double support duration.
Stance phase duration symmetry between the prosthetic
and sound limbs was also assessed for each stride using the
Absolute Symmetry Index (ASI): ASI ¼ S−P0:5 SþPð Þ  100, where S
and P are the stance phase durations for the sound and pros-
thetic limbs respectively [2].
Fig. 1 Placement of the inertial measurement units and their associated
local frames
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2.4 Algorithms performance assessment
2.4.1 Sensitivity and positive predictive value of GE detection
Sensitivity, defined as the number of correctly detected
algorithm-derived GEs divided by the number of reference
GEs, and positive predictive value (PPV), i.e., the number of
correctly detected algorithm-derived GEs divided by the total
number of detected GEs (including extra events), are often
used in the literature to assess algorithms’ performance in
terms of detection rate [16, 17]. However, the criterion used
to classify an algorithm-detected event as either correct,
missed, or extra is usually missing. In this work, we propose
to compute the number of algorithm-detected events such that
trGE−taGEj j≤
1
2 StDref 1ð Þ with:
– trGE the timing of a reference GE,
– taGE the timing of algorithm-derived GEs,
– StDref the median stride duration computed from refer-
ence ICs.
If no algorithm-detected event fulfilled condition (1), an
event was missed. Conversely, if several algorithm-detected
events fulfilled condition (1), only the closest to the reference
event was considered as correctly detected, and the others
were discarded as extra events.
Sensitivity and PPV were computed for all the algorithms
to compare their GE detection rate. While the occurrence of a
missed event can be detected based on the duration between
successive detected events, the identification of a correct event
among several possible candidates is not possible without a
reference. Therefore, to be used in real-life settings, an algo-
rithm must be extremely robust in this respect. Consequently,
for the subsequent accuracy analysis, only the algorithms
Table 2 Description of the operating principle of the implemented algorithms
Algorithm Signal used for IC Signal used for FC General principle
M-S [18] Vertical acceleration
of the shank
Vertical and AP acceleration
of the shank
Gait is segmented into approximate strides by identifying the minima
in the low-pass filtered shank vertical acceleration. Within each
identified stride, the vertical acceleration is low-pass filtered with a
cut-off frequency depending on the estimated stride duration. Peaks
identified in the filtered signal enable to define intervals in which to
look for gait events. ICs are then identified as maxima in the vertical
acceleration and FCs are identified as minima in the AP acceleration
in their respective intervals.
M-M [22] Shank ML angular velocity Mid-swing instants are detected as maxima in the filtered ML shank
angular velocity. ICs are then defined as the first or subsequent
negative local minima following mid-swing, associated with
negative slope and FCs are defined as local minima occurring at
least 300 ms after ICs, with speed lower than a set threshold.
M-L [4] Shank vertical acceleration, ML angular velocity,
and flexion/extension angle
This state-machine algorithm uses the shank ML angular velocity, the
shank vertical acceleration, and the shank angle (obtained using a
complementary filter of the shank acceleration and angular velocity)
as inputs to detect transitions between the “swing” state and the
“stance” state. Stance is detected at zero-crossings in the vertical
acceleration, if the angular velocity is negative and the shank angle
is above a threshold. It should occur after at least 200 ms of swing.
Swing is detected when the vertical acceleration is increasing above
a negative threshold, the angular velocity is negative, and the shank
angle is below a negative threshold. It occurs after at least 400 ms of
stance. A set of similar conditions enable to identify the first tran-
sition to swing (FC) or stance (IC).
M-T [21] Shank sagittal angular velocity and AP acceleration Peak identification in the ML angular velocity signal enables to define
intervals in which to look for gait events. In these intervals, ICs are
identified as the minima in ML angular velocity preceding a
maximum AP acceleration and FCs are identified as minima in the
AP acceleration preceding the last maximum in AP acceleration.
M-MC [15] Vertical and ML acceleration of the pelvis The vertical acceleration is filtered with a Gaussian continuous wavelet
transform. ICs are identified as the minima in the filtered
acceleration. FCs are identified as the maxima in the differentiated
signal. In this study, the ML acceleration was used to distinguish
right and left gait events occurrence, while the vertical angular
velocity was used in the original study.
AP, anteroposterior; ML, mediolateral; IC, initial contact event; FC, final contact event
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scoring a PPV above 99%, representing a negligible number
of extra events, were considered.
For each algorithm, PPVand sensitivity were quantified for
the entire trials in order to assess the algorithm ability to detect
all events, including those of the first and last steps which
mark gait initiation and termination. For the rest of the analy-
sis, the initiation and termination steps were not considered for
the sake of comparison with the literature.
2.4.2 Accuracy of GEs timings
For each algorithm, the difference between the timing of each
IMU-based and the corresponding reference GE was comput-
ed. Positive and negative errors respectively indicate delayed
and anticipated event detection.
2.4.3 Impact of GEs timings errors on estimates of gait
temporal parameters and symmetry index
For each algorithm, stride, stance and double support dura-
tions, as well as symmetry derived from IMU-based GEs were
computed. IMU-based temporal parameter estimates errors
were expressed in seconds and in percentage of the reference
parameter, with positive and negative values indicating, re-
spectively, overestimation and underestimation of temporal
parameters.
2.5 Statistical analysis
Descriptive statistics (medians and interquartile ranges (IQR))
were computed over all participants for each walking speed
for reference GE timings and temporal parameters, for IMU-
based GE and temporal parameter errors as well as for SPD-
ASI derived from the insoles and the algorithms.
Normality of the median values was verified using the
Shapiro-Wilk test and, according to the test result, either a
Friedman test or a one-way repeated-measure ANOVA was
performed to investigate the effect of the “walking speed”
factor on the errors. Post-hoc pairwise comparisons
(Wilcoxon signed-rank tests or t tests depending on the nor-
mality of the data) with Holm-Bonferroni correctionwere then
performed where any difference was found.
If the main effect of “walking speed” persisted, pairwise
comparisons were used to investigate the presence of signifi-
cant differences between each pair of methods, for each level
of walking speed, considering separately prosthetic- and
sound-limb parameters when relevant. Conversely, if no main
effect of “walking speed” was found, medians and IQR were
computed over all three walking speeds for each participant
and method, and pairwise comparisons were then executed on
this new dataset.
Wilcoxon signed-rank tests were used to investigate the
effect of the limb considered, that is, to determine whether
errors where significantly different at the sound and prosthetic
side for each parameter and each algorithm.
The statistical analysis was performed using SPSS (IBM
SPSS Statistics 23, NY, USA). The level of significance was
set to 0.05 for all statistical tests.
3 Results
Due to technical issues with the insoles, GEs of two partici-
pants had to be discarded at the sound limb, leaving a total of
454 sound steps for 623 prosthetic steps considered in the
analysis. Table 3 reports the descriptive statistics of the tem-
poral parameters derived from the insoles.
3.1 GE detection rate
Sensitivity and PPV for each algorithm are reported in
Table 4. Only M-T and M-L showed a PPV higher than 99%
and were further analyzed. Both algorithms had extra and
missed detections; however, those of M-T never occurred out-
side of the first and last steps of gait.
Table 3 Reference temporal parameters derived from insoles data
Walking speed level Gait velocity (ms−1) Stride duration (s)* Side Stance phase duration Double support duration
(s) (% stride) (s) (% stride)
med (IQR) med (IQR) med (IQR) med (IQR) med (IQR) med (IQR)
Slow 0.89 (0.12) 1.33 (0.14) Sound 0.91 (0.14) 68.9 (5.2) 0.17 (0.04) 13.2 (2.4)
Prosthetic 0.81 (0.11) 60.9 (2.4) 0.22 (0.06) 16.4 (4.0)
Comfortable 1.06 (0.12) 1.16 (0.13) Sound 0.77 (0.10) 67.0 (3.4) 0.14 (0.02) 12.1 (2.2)
Prosthetic 0.68 (0.08) 58.7 (3.3) 0.16 (0.04) 13.3 (2.1)
Fast 1.35 (0.19) 1.00 (0.13) Sound 0.65 (0.12) 64.7 (4.9) 0.10 (0.03) 10.5 (1.4)
Prosthetic 0.56 (0.07) 56.9 (2.6) 0.12 (0.04) 11.6 (3.4)
* Stride durations were estimated based on prosthetic IC timings; med, median
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3.2 Accuracy of GEs timings
No significant effect of the “walking speed” factor was found on
the errors obtained for GE timings, neither forM-T nor for M-L.
GEs were generally detected with a small anticipation with M-L
andwith a short delay usingM-T (Fig. 2). There was no effect of
the “limb” on the IC timings estimated with either algorithm.
Conversely, FC timings estimated with M-T were significantly
more accurate (t(4) = − 3.626, p value = 0.022) at the sound limb
than at the prosthetic limb while the contrary was observed with
M-L (t(4) = − 5.171, p value = 0.007).
When comparing the algorithms in terms of errors, M-T
was found to be less accurate than M-L for prosthetic FC
detection (t(6) = 4.890, p value = 0.003), but more accurate
for both prosthetic IC (Z = − 2.214, p value = 0.027) and
sound FC detection (t(4) = 6.674 p value = 0.003).
3.3 Impact of GEs timings errors on estimates of gait
temporal parameters and symmetry index
There was no effect of the “walking speed” factor on the
median errors of gait temporal parameter estimates. While
there was no difference between the algorithms for the stride
duration, statistically significant differences were obtained for
stance phase and double support duration estimates (Fig. 3 and
Table 5). Furthermore, a significant effect of the “limb” was
observed for stance phase durations for both algorithms (M-T:
t(4) = − 3.940, p value = 0.017; M-L: t(4) = − 2.781, p value =
0.05) and for double support duration for M-T (t(4) = 4.877, p
value = 0.008).
Median SPD-ASI values were averaged across all partici-
pants and walking speeds for each method (insoles, M-T and
M-L) as no significant effect of the “walking speed” factor
was found. SPD-ASI estimates obtained with M-T and M-L
were found to be significantly different than those derived
from the insoles (Table 6).
4 Discussion
This study aimed at (i) comparing the accuracy of state-of-the-
art IMU-based algorithms in detecting both IC and FC events
and (ii) assessing the impact of GE timing errors on the esti-
mation of gait temporal parameters and symmetry in TF.
Gait temporal parameters and walking speeds obtained
with pressure insoles were similar to those reported in the
literature for the considered population [29, 30].
4.1 GE detection rate
To be relevant in an ecological context, GE detection algo-
rithms must not detect extra events as they would be impos-
sible to identify without a reference. Given their PPV values
inferior to 99%, two of the algorithms developed for lower-
Table 4 Sensitivity and positive
predictive value of the five IMU-
based algorithms in gait event
detection
Method Sensitivity Positive predictive value

















M-S 93.4% 92.7% 94.0% 92.8% 99.1% 97.3% 95.2% 95.7%
M-M 98.6% 98.8% 97.4% 98.2% 99.7% 100.0% 98.3% 99.8%
M-L 88.4% 88.8% 84.2% 85.0% 100.0% 100.0% 100.0% 100.0%
M-T 99.1% 99.1% 98.8% 98.8% 100.0% 100.0% 99.8% 99.8%














Fig. 2 Errors (s) of IC and FC timings obtained with M-T and M-L
algorithms at all speeds with respect to reference events estimated with
the insoles. Mean values are indicated with a diamond-shaped point and
median values are reported above each boxplot. Significant differences
(p < 0.05) are marked with an asterisk*. Outliers are not represented. In
general,M-TandM-L resulted in a low number of outliers (< 3%), butM-
L resulted in 8.02% of outliers for sound IC
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limb amputees (M-S and M-M) and the single-sensor-based
algorithm (M-MC) were discarded from the analysis.
The modification applied to M-MC algorithm allowed to
improve the discrimination between right- and left-side
events, thus reducing the number of extra events (less than
4% of extra FC in our data, while up to 11.2% of extra FC
were found in hemiparetic patients in a former study [4]),
although not sufficiently. However, the number of missed
events was higher than in the literature [4, 19], which might
be due to specific gait alterations of prosthetic gait, such as the
lack of propulsion inherent to prosthetic components [2].
Neither missed nor extra events were reported by the au-
thors of the two other algorithms M-S and M-M. However, it
should be noted that M-S was designed and validated in TT,
whose gait pattern differs from that of TF. Furthermore, while
all steps were considered in our analysis, including transition,
acceleration, and deceleration steps, Selles and coworkers on-
ly analyzed steps that occurred on a force platform, ensuring
to consider only steady-state steps [10].
Maqbool and coworkers reported a 100% detection rate by
comparing the absolute number of events detected by M-M
and by footswitches, without considering an objective criteri-
on to ensure that each detected event would correspond to a
footswitch event [24]. Furthermore, the algorithm was devel-
oped and validated on asymptomatic subjects and on only one
TF and one TTwho might have presented very few gait alter-
ations, thus preventing the generalization of their results to the
population of lower-limb amputees.
In what follows, only results obtained with M-L and M-T
algorithms will be discussed.
A surprisingly high number of events were missed by M-L
in the present study, despite its reported excellent sensitivity in
TFs [4]. The thresholds originally proposed in [4] were spe-
cifically devised for treadmill ambulation, which was shown
to reduce gait inherent inter-stride variability compared to lev-
el ground ambulation [31]. This may have hindered the algo-
rithm’s capacity to detect all events when walking in a less
constraining situation. Furthermore, if an event is undetected
by the algorithm, the following event will also be missed
















Fig. 3 Errors (%) of gait temporal parameters estimated withM-TandM-
L expressed in percentage of the actual gait temporal parameters derived
from the insoles data, at all speeds. From top to bottom: stride duration,
stance phase duration, double support duration.Mean values are indicated
with a diamond-shaped point and median values are reported above each
boxplot. Significant differences (p < 0.05) are marked with an asterisk*.
Outliers are not represented. In general, M-T and M-L resulted in a low
number of outliers (< 4.5%), except for strides for M-T (13.7% of out-
liers) and for sound double support estimates for M-L (9.1% of outliers)
Table 5 Errors (ms) of gait tem-
poral parameters estimated with
M-T and M-L compared to in-
soles. Results of the statistical
tests are reported, with significant
differences between M-T and M-
L values marked with asterisks
(*p value ≤ 0.05)
Temporal parameter (in milliseconds) M-T M-L Statistical tests
(on % values)
Median (IQR) Median (IQR) p value Score
Stride duration 0 (20) 0 (20) 0.317 Z = − 1.000
Sound stance phase duration 10 (40) − 40 (70) 0.017* t(4) = 3.927
Prosthetic stance phase duration 70 (60) 0 (40) 0.003* t(6) = 4.817
Sound double support duration 70 (53) 0 (60) 0.009* t(4) = − 4.788
Prosthetic double support duration 10 (40) −40 (40) 0.001* t(4) = − 8.953
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T, no extra or missed events occurred in the steady phase of
gait, as reported in former studies [21, 23]. This directly re-
sults from the efficient design of M-T: the algorithm first de-
tects maxima in the shank angular velocity and uses this in-
formation at both sides to segment gait into cycles and to
identify restrained intervals of time where one and only one
event (either an IC or a FC) has to occur. For all the investi-
gated parameters, both algorithms were found to be robust to
various self-selected walking speeds, confirming results re-
ported for M-T [21, 23].
4.2 GE detection accuracy
Prosthetic IC and FC detections with M-L were as accurate as
those reported in the original study [4], but slightly less pre-
cise. This may also result from the higher gait variability of
overground- compared to treadmill-walking. Estimated FC
timings were less accurate for the sound limb than the pros-
thetic limb, likely due to the adoption of identical thresholds
for both limbs, as reported by the author [4]. Defining limb-
specific thresholds was beyond the scope of this study, but it
might improve sound FC timing accuracy.
M-T achieved similar or even improved GE timing accura-
cy compared to that reported using other algorithms specifi-
cally designed for people with lower-limb amputation [18,
22]. Furthermore, the achieved accuracy for IC detection in
our participants is comparable to that of people with
Parkinson’s disease [21]. Both these results corroborate previ-
ous statements that M-T might be suitable for clinical routine
detection of gait events [21, 23]. All in all, M-T achieved
equivalent or higher accuracy than M-L in GE detection ex-
cept for prosthetic FC. The algorithms differ not only in the
signals that are used as inputs, but also in their design: M-T is
based on peak-detection while M-L is a threshold-based algo-
rithm. The latter strategymight bemore efficient for prosthetic
FC detection: the smoother movement occurring at FC com-
pared to IC [27] and the attenuated propulsion at the prosthetic
limb [2] might result in a smoothed signal, detrimental to the
peak-identification strategy.
It should be noted that the sampling frequency (100 Hz)
might have induced a delay of up to 10 ms between
algorithms-derived and insoles-detected events. This constant
delay has however no impact on the estimated durations.
4.3 Impact of GEs timings errors on estimates of gait
temporal parameters and symmetry index
Both algorithms provide stride duration estimates acceptable
for clinical use [27], with null median errors and IQR of
20 ms.
Regarding stance and double support durations, errors re-
sult from the discrepancy between IC and FC timing errors. In
our study, temporal parameters errors were mostly driven by
relatively high errors in FC detection at the sound limb for M-
L and at the prosthetic limb for M-T compared to IC.
The errors achieved for stance phase duration are
acceptable at the prosthetic limb with M-L and at the
sound limb with M-T [27], with a similar accuracy to
that of the original article [21]. Furthermore, the
achieved errors with either algorithm at either limb are
inferior to the minimal change detectable by pressure
insoles in people with lower limb amputation [32].
Combining both algorithms by using M-T approach for
gait segmentation and interval identification, and then
taking advantage of either M-T or M-L detection ap-
proaches for the sound or prosthetic limb respectively,
might provide more accurate estimates of stance phase
duration at both limbs. This would in turn enable a
long-term monitoring of a patient’s progress during his
rehabilitation, but test-retest reliability should be evalu-
ated prior to using the combined algorithm in a clinical
setting for longitudinal monitoring.
Regarding double support duration, percentage errors
achieved high values and variability at both sides with both
algorithms. Therefore, although double support duration is a
clinically relevant parameter reflecting stability and weight
shifting ability in TF [30, 33], the use of either M-T or M-L
algorithms for its estimation is not recommended.
Regarding temporal gait symmetry, the discrepancy be-
tween sound and prosthetic stance phase duration errors ex-
plains the observed SPD-ASI inaccuracy. The algorithms tend
to significantly underestimate sound stance-phase duration or
to overestimate prosthetic stance-phase duration, resulting in a
falsely low asymmetry index. Thus, neither M-T nor M-L can
be safely used to assess stance phase duration asymmetry
between the prosthetic and the sound limb.
This confirms the need of a more robust algorithm at
both the prosthetic and sound limbs for temporal param-
eters, which in turn would enable to obtain reliable SPD-
ASI estimates in TF.
Although the participants of the study were found to be
representative of the population with TF [29, 30], the small
sample size in this study should be considered prior to results
generalization.
Table 6 Mean and standard deviation over all participants of the
median stance phase duration ASI derived from insoles and obtained
with M-Tand M-L algorithms. Results of the statistical tests are reported,
with significant differences between insoles- or IMU-based ASI values
marked with an asterisk
Algorithm ASI algorithm ASI insoles T test
Mean (Sd) Mean (Sd) p value Score
M-L 6.72% (3.44%) 12.79% (2.85%) 0.048* t(4) = 2.807
M-T 4.16% (5.05%) 0.013* t(4) = 4.274
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5 Conclusions
This study analyzed the performance of different IMU-
based algorithms and gives indications about their accura-
cy for GE detection in people with transfemoral amputa-
tion. Two of the investigated algorithms, using one IMU on
each shank, provide acceptable estimates of stride and
stance phase durations considering the minimal detectable
change of these parameters by pressure insoles. However,
test-retest reliability of the IMU-derived estimates remains
to be evaluated prior to using these algorithms for longitu-
dinal monitoring of gait. Furthermore, both algorithms lack
in accuracy when estimating either double support duration
or the temporal asymmetry index. A new algorithm, com-
bining the strengths of M-T and M-L should be devised to
improve gait event detection and temporal parameters es-
timation in people with transfemoral amputation. The re-
sults of the present study support the use of a priori gait
cycle segmentation using the shank mediolateral angular
velocity and tend to indicate that threshold-based detection
should be preferred to peak-based detection at the prosthet-
ic limb, at least for FC event detection.
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